In this work, we use the gridded precipitation dataset (with a resolution of 0.5 • × 0.5 • ) of the eastern part of inland river basin of Inner Mongolian Plateau from 1961-2015 as the basis and adopt the methods of climatic diagnosis (e.g., the Modified Mann-Kendall method, principal component analysis, and correlation analysis) to analyze the spatial and temporal variations of six extreme precipitation indices. Furthermore, we analyzed the relationship between El Niño-Southern Oscillation (ENSO) events and the observed extreme precipitation. The results indicated that the gridded dataset can be used to describe the precipitation distribution in our study area. In recent 55 years, the inter-annual variation trends of extreme precipitation indices are generally dominated by declination except for the maximum precipitation over five days (RX5DAY) and the heavy precipitation (R95P), in particular, the decreasing regions of consecutive dry days (CDD) accounts for 91% of the entire basin, 17.28% of which is showing the significant downward trend. Contrary to CDD, the spatial distribution of the other five indices is gradually decreasing from northeast to southwest, and the precipitation intensity (SDII) ranges from 3.8-5.3 mm·d −1 , with relatively small spatial differences. To some extent, CDD and R95P can used to characterize the extreme precipitation regimes. Moreover, the number of days with heavy precipitation (RR10), SDII, and R95P are more susceptible to the ENSO events. In addition, the moderate El Niño event may increase the probability of CDD, while the La Niña events may increase the risk of the heavy rainfall regime in the study area.
Introduction
Against the background of global warming, the precipitation in some area are generally exhibiting the extreme trend, the intensity and frequency are continuously increasing [1] [2] [3] [4] . In recent decades, the disasters that are caused by the frequency occurrence of the precipitation extremes in different countries were more and more serious [5] [6] [7] [8] . At the same time, previous studies showed that the climate anomaly have some correlation with El Niño-Southern Oscillation (ENSO) event [9, 10] , which make the research of extreme climate phenomenon more complicated. In order to regulate the study of extreme climate change characteristics, the World Meteorological Organization (WMO) proposed 27 extreme climate indices (16 extreme temperature indices and 11 extreme precipitation indices) from 1998 to 2001 [11] . Based on these indices, the studies on extreme precipitation events in different regions have also become the focus of global hydrological and meteorological experts [12] [13] [14] . 
Data
The gridded daily precipitation dataset (with a resolution of 0.5° × 0.5°) from 1961-2015 came from the National Meteorological Information Center (NMIC) of the China Meteorological Administration (CMA), who interpolated it by the method of Thin Plate Smoothing Spines (TPS) in ANUSPLIN which is a software package published by Australian National University to eliminate the influence of elevation based on the observed daily precipitation over 2400 national meteorological stations across China, and the root-mean-square error (RMSE) of this dataset ranges between 0.2 and 0.8 mm at a monthly scale [21, [30] [31] [32] . Besides, we also use the measured daily precipitation data with the same time series from 15 meteorological stations in our study area (Table 1) to validate whether the gridded data is suitable for the study area. Both of the two datasets are provided by the NMIC (http://cdc.nmic.cn). The data for ENSO event like Sea Surface Temperature Anomalies (SSTA) of Niño 3.4 (5° N-5° S, 170°-120° W) and Southern Oscillation Index (SOI) with the time series from 1961 to 2015 were 
The gridded daily precipitation dataset (with a resolution of 0.5 • × 0.5 • ) from 1961-2015 came from the National Meteorological Information Center (NMIC) of the China Meteorological Administration (CMA), who interpolated it by the method of Thin Plate Smoothing Spines (TPS) in ANUSPLIN which is a software package published by Australian National University to eliminate the influence of elevation based on the observed daily precipitation over 2400 national meteorological stations across China, and the root-mean-square error (RMSE) of this dataset ranges between 0.2 and 0.8 mm at a monthly scale [21, [30] [31] [32] . Besides, we also use the measured daily precipitation data with the same time series from 15 meteorological stations in our study area (Table 1) to validate whether the gridded data is suitable for the study area. Both of the two datasets are provided by the NMIC (http://cdc.nmic.cn). obtained from the Earth System Research Laboratory (ESRL) of National Oceanic and Atmospheric Administration (NOAA) (http://www.esrl.noaa.gov). In this study, the El Niño events were defined when the values of SSTA are greater than 0.5 • for a minimum of six consecutive overlapping months. Oppositely, if the values of SSTA are smaller than -0.5 • and also can last for more than six months, which would be defined as a La Niña event. Furthermore, the selected El Niño (La Niña) events could be divided into two categories: strong El Niño (La Niña) events have a Niño3.4 index >1.0 (<−1.0), and moderate El Niño (La Niña) events with a Niño3.4 index >0.5 and ≤1.0 (<−0.5 and ≥−1.0) [33] [34] [35] . According to the criteria, 15 El Niño events and 17 La Niña events were picked out during 1961 to 2015, of which a total of six moderate El Niño, nine strong El Niño, six moderate La Niña, and 11 strong La Niña years were showed in Table 2 . 1973 1974 1975 1988 1989 1998 1999 2000 2007 2008 Moderate 1964 1970 1971 1985 1995 In addition, the extreme indices were calculated based on the checked daily precipitation dataset by the RClimDex software (http://etccdi.pacificclimate.org/software.shtml), which was developed and maintained by Xuebin Zhang and Feng Yang at the Climate Research Branch, Meteorological Service of Canada [36, 37] . We selected six extreme precipitation indices that are widely used [38] [39] [40] [41] and are consistent with the climatic characteristics of our study area to evaluate the changes of extreme precipitation regimes. The chosen indices are divided into four different categories: (1) duration indices are defined as the periods of excessive dryness or wetness, such as consecutive dry days (CDD) and consecutive wet days (CWD); (2) absolute indices represent maximum or minimum values within a month or year, such as number of days with daily precipitation ≥10 mm per year (RR10) and maximum precipitation over five consecutive days in each month (RX5DAY); (3) intensity indices, such as the precipitation intensity (SDII), the mean precipitation amount on a rainy day; and (4) threshold indices defined as the precipitation value falls above a fixed threshold, such as the precipitation higher than the threshold of 95% in one year (R95P) ( Table 3) . 
Intensity indices Precipitation intensity SDII
The ratio between the annual precipitation and the number of days with daily precipitation ≥1 mm mm·day −1
Threshold indices Heavy precipitation R95P
The sum of precipitation with daily precipitation higher than the threshold of 95% in one year mm
Methods
There is little research by using the precipitation gridded dataset in study area before, so, it is necessary to verify whether the gridded dataset is suitable for the precipitation pattern in the study area. Firstly, the Inverse Distance Weighted (IDW) method was applied for the gridded data interpolation, which assumes that each point has a local influence that diminishes with distance, and the value of point is more affected by the closer points greater than those further away. The spatial correlation of precipitation data accords with this rule, so it is often used in the spatial interpolation of precipitation. Each meteorological station is surrounded by four grid boxes and the data of which is affected by those four grids most, therefore, the nearest four grid boxes around the specific meteorological station are weighted in the study [21] . What should be noted is when the station is located at the boundary of the basin, the grids should be extended outside to meet the interpolation requirements. The interpolated date was computed as:
where p i is the precipitation of the neighboring four grid boxes, respectively; d i is the distance between the station and the four surrounded grids; n = 4 in this study.
Secondly, comparing the bias and correlation coefficients between the IDW interpolated data and the observed data from stations [21] . The formula of the bias is given as follows:
where P IDW is the mean value of interpolated data, and P Station is the means of observed data. The Modified Mann-Kendall (MM-K) nonparametric test was employed to find the trends of the extreme indices and their significance of trends in time series, which are considered to be statistically significant if it is significant at the 0.1 level. The MM-K test is a rank-based nonparametric trend detection method that is less sensitive to outliers than parametric statistics and does not assume any priority in the distribution of the data and allows for the presence of a tendency over a long period of data. Moreover, it has the advantage of taking the effect of autocorrelation into account [26, 42, 43] , which make the results more accurate. The formulas are given as follows:
where X is the long-term data; N is the length of X; N p is the number of distinct ties; and, m p is the number of tied data points in pth tie. If Z* > 0, the upward trend was detected. In contrast, The magnitude of a trend was estimated using Sen's slope estimator β, defined as the median of all the possible pairs for the whole series of indices [44] . Computed as:
where 1 < i < j < n, X is the time series of data; n is length of the dataset. In addition, the five-year smoothing average is also used to show the inter-annual variation of indices. The principal component analysis was applied to partition the dataset into clusters with in-cluster similarities and between-cluster dissimilarities [45] and Pearson correlation analysis was used to examine the linear relationship between extreme precipitation indices and ENSO indices. The spatial distribution maps of extreme indices are finished in ArcGIS 10.
Results

Precipitation Change Background
As shown in Figure 2A , we observe that the bias between the IDW interpolated data and the observed data at Erlianhaote station is 17.33%, the highest value among the stations. Meanwhile, the absolute value of the remaining station bias are all less than 15%, of which the vast majority are less than 10%, accounting for 73.33% of the total stations, the accuracy can meet the requirement of such research. In addition, there is a very good linear relationship between the station data and the IDW interpolated data (R 2 = 0.98), passed the significance test on the level of 0.0001. Furthermore, the slope of this linear fitting equation reaches 1.08, which is in close proximity to 1.00 ( Figure 2B ). Therefore, the gridded dataset can reflect the spatiotemporal patterns of precipitation distributions in study area. where X is the long-term data; N is the length of X; Np is the number of distinct ties; and, mp is the number of tied data points in pth tie. If Z* > 0, the upward trend was detected. In contrast, if Z* < 0, the downward trend was detected, if |Z*| > 1.64, indicating that a significant trend exists at α = 0.1 level.
The magnitude of a trend was estimated using Sen's slope estimator , defined as the median of all the possible pairs for the whole series of indices [44] . Computed as:
where 1 < i < j < n, X is the time series of data; n is length of the dataset.
In addition, the five-year smoothing average is also used to show the inter-annual variation of indices. The principal component analysis was applied to partition the dataset into clusters with incluster similarities and between-cluster dissimilarities [45] and Pearson correlation analysis was used to examine the linear relationship between extreme precipitation indices and ENSO indices. The spatial distribution maps of extreme indices are finished in ArcGIS 10.
Results
Precipitation Change Background
As shown in Figure 2A , we observe that the bias between the IDW interpolated data and the observed data at Erlianhaote station is 17.33%, the highest value among the stations. Meanwhile, the absolute value of the remaining station bias are all less than 15%, of which the vast majority are less than 10%, accounting for 73.33% of the total stations, the accuracy can meet the requirement of such research. In addition, there is a very good linear relationship between the station data and the IDW interpolated data (R 2 = 0.98), passed the significance test on the level of 0.0001. Furthermore, the slope of this linear fitting equation reaches 1.08, which is in close proximity to 1.00 ( Figure 2B ). Therefore, the gridded dataset can reflect the spatiotemporal patterns of precipitation distributions in study area. The spatial pattern of the annual precipitation in the study area from 1961-2015 exhibits the obvious feature of "high in the northeast and low in the southwest", and which gradually declines from 376.54 mm in the eastern region to 136.78 mm in the western region. The difference between the annual precipitation in the eastern and western is as high as 240 mm ( Figure 3A) . Moreover, the precipitation in northeast region exhibits an upward trend with a velocity in excess of 3 mm in a decade (mm·decade −1 ), but the region with an increasing trend of precipitation only accounts for 25% of the total area. The remaining 75% is the area where shows an insignificant decreasing trend, mainly being located in the central of the study area ( Figure 3B ). The spatial pattern of the annual precipitation in the study area from 1961-2015 exhibits the obvious feature of "high in the northeast and low in the southwest", and which gradually declines from 376.54 mm in the eastern region to 136.78 mm in the western region. The difference between the annual precipitation in the eastern and western is as high as 240 mm ( Figure 3A) . Moreover, the precipitation in northeast region exhibits an upward trend with a velocity in excess of 3 mm in a decade (mm·decade −1 ), but the region with an increasing trend of precipitation only accounts for 25% of the total area. The remaining 75% is the area where shows an insignificant decreasing trend, mainly being located in the central of the study area ( Figure 3B ). 
Spatiotemporal Variations in Extreme Precipitation Indices
The spatial distributions of the extreme precipitation indices for the eastern part of inland river basin of Inner Mongolian Plateau from 1961-2015 are shown in Figure 4 . The consecutive dry days (CDD) are gradually alleviated from southwest to northeast, and the CDD can reach up to 117 days in arid zone of the basin ( Figure 4A ). Opposite to the spatial variation trend of CDD, the other five extreme indices exhibit the distribution features of "high in the northeast and low in the southwest". Particularly, the annual average of consecutive wet days (CWD) is 3-8 days, which is generally small and the maximum value appears in the northeast of the study area ( Figure 4B) . Similarly, the number of days with heavy precipitation (RR10) is range between 3 and 10 days, and heavy precipitation is also mainly occurs in the eastern region ( Figure 4C ). Regarding the precipitation amount, maximum precipitation over five days (RX5DAY) and heavy precipitation (R95P) decrease gradually from 61.0 mm and 95.0 mm in the northeastern to 28.5 mm and 31.1 mm in the southwestern, respectively ( Figure 4D-F) . In addition, the average value of R95P is generally higher than RX5DAY. We can find from the SDII diagram that the average precipitation intensity ranges from 3.8 to 5.3 mm·day −1 , and the spatial difference is not so large ( Figure 4E ). Except for CDD, the spatial variations of the other five extreme precipitation indices are similar to the variation of the annual precipitation. 
The spatial distributions of the extreme precipitation indices for the eastern part of inland river basin of Inner Mongolian Plateau from 1961-2015 are shown in Figure 4 . The consecutive dry days (CDD) are gradually alleviated from southwest to northeast, and the CDD can reach up to 117 days in arid zone of the basin ( Figure 4A ). Opposite to the spatial variation trend of CDD, the other five extreme indices exhibit the distribution features of "high in the northeast and low in the southwest". Particularly, the annual average of consecutive wet days (CWD) is 3-8 days, which is generally small and the maximum value appears in the northeast of the study area ( Figure 4B) . Similarly, the number of days with heavy precipitation (RR10) is range between 3 and 10 days, and heavy precipitation is also mainly occurs in the eastern region ( Figure 4C ). Regarding the precipitation amount, maximum precipitation over five days (RX5DAY) and heavy precipitation (R95P) decrease gradually from 61.0 mm and 95.0 mm in the northeastern to 28.5 mm and 31.1 mm in the southwestern, respectively ( Figure 4D-F) . In addition, the average value of R95P is generally higher than RX5DAY. We can find from the SDII diagram that the average precipitation intensity ranges from 3.8 to 5.3 mm·day −1 , and the spatial difference is not so large ( Figure 4E ). Except for CDD, the spatial variations of the other five extreme precipitation indices are similar to the variation of the annual precipitation. The inter-annual variations of different extreme indices were evaluated by using the average of the values on all the grids. The inter-annual variations were not obvious. In particular, the indices that characterize the heavy precipitation amount (RX5DAY and R95P) exhibit a weak upward trend ( Figure 5D-F) , and the other indices exhibit a downward trend. In addition, we can also see from the smoothing average curve of five years that SDII was in a stable fluctuation period in the 1970s and increased with a relatively large magnitude from the end of the 1980s to the end of the 1990s. After the end of the 1990s, SDII was again in a stage of stable fluctuation ( Figure 5E ), which is similar to the variation trend of RR10 ( Figure 5C ), RX5DAY, and R95P. Both CDD and CWD have always been in a downward stage with fluctuations ( Figure 5A,B) . The inter-annual variations of different extreme indices were evaluated by using the average of the values on all the grids. The inter-annual variations were not obvious. In particular, the indices that characterize the heavy precipitation amount (RX5DAY and R95P) exhibit a weak upward trend ( Figure 5D-F) , and the other indices exhibit a downward trend. In addition, we can also see from the smoothing average curve of five years that SDII was in a stable fluctuation period in the 1970s and increased with a relatively large magnitude from the end of the 1980s to the end of the 1990s. After the end of the 1990s, SDII was again in a stage of stable fluctuation ( Figure 5E ), which is similar to the variation trend of RR10 ( Figure 5C ), RX5DAY, and R95P. Both CDD and CWD have always been in a downward stage with fluctuations ( Figure 5A,B) . The inter-annual variations of different extreme indices were evaluated by using the average of the values on all the grids. The inter-annual variations were not obvious. In particular, the indices that characterize the heavy precipitation amount (RX5DAY and R95P) exhibit a weak upward trend ( Figure 5D-F) , and the other indices exhibit a downward trend. In addition, we can also see from the smoothing average curve of five years that SDII was in a stable fluctuation period in the 1970s and increased with a relatively large magnitude from the end of the 1980s to the end of the 1990s. After the end of the 1990s, SDII was again in a stage of stable fluctuation ( Figure 5E ), which is similar to the variation trend of RR10 ( Figure 5C ), RX5DAY, and R95P. Both CDD and CWD have always been in a downward stage with fluctuations ( Figure 5A,B) . The spatial distributions of the variation magnitude for different extreme indices during the observation period is shown in Figure 6 , from which we can see that CDD and CWD are dominated by declination, both of which account for 91% of the study area, the difference is that the former has a significant downward area of 17.28%, while the latter with a significant decreasing trend account for 16% (at a significance level of α = 0.1), where mainly located in the south of the study area ( Figure  6A,B) . We can see from the ( Figure 6C ) that the variation magnitude of the number of days with heavy precipitation in our study area is relatively small, and does not exceed 0.3 mm·decade −1 . Similarly, the variation of RX5DAY is also relatively weak, the region exhibit a downward trend accounts for 29% of the study area ( Figure 6D ).
In spite of this, the region of SDII shows an upward trend (53%), the area of which exceed the downward area (47%), and the variation magnitude is extremely small, therefore, the performance of the precipitation intensity exhibit the downward trend ( Figure 6E ). The spatial distribution of the variation magnitude for R95P is dominated by the decreasing trend, being mainly located in the central of study area, which accounts for 54% of the research area, in addition, the magnitude of this increase in the northeastern area is 2-6 mm·decade −1 , which is greater than 0-2 mm·decade −1 in the southwestern area ( Figure 6F) . None of the other four indices exhibits a significant changing trend expect for CDD and CWD. The spatial distributions of the variation magnitude for different extreme indices during the observation period is shown in Figure 6 , from which we can see that CDD and CWD are dominated by declination, both of which account for 91% of the study area, the difference is that the former has a significant downward area of 17.28%, while the latter with a significant decreasing trend account for 16% (at a significance level of α = 0.1), where mainly located in the south of the study area ( Figure 6A,B) . We can see from the ( Figure 6C ) that the variation magnitude of the number of days with heavy precipitation in our study area is relatively small, and does not exceed 0.3 mm·decade −1 . Similarly, the variation of RX5DAY is also relatively weak, the region exhibit a downward trend accounts for 29% of the study area ( Figure 6D ). The spatial distributions of the variation magnitude for different extreme indices during the observation period is shown in Figure 6 , from which we can see that CDD and CWD are dominated by declination, both of which account for 91% of the study area, the difference is that the former has a significant downward area of 17.28%, while the latter with a significant decreasing trend account for 16% (at a significance level of α = 0.1), where mainly located in the south of the study area ( Figure  6A ,B). We can see from the ( Figure 6C ) that the variation magnitude of the number of days with heavy precipitation in our study area is relatively small, and does not exceed 0.3 mm·decade −1 . Similarly, the variation of RX5DAY is also relatively weak, the region exhibit a downward trend accounts for 29% of the study area ( Figure 6D ).
In spite of this, the region of SDII shows an upward trend (53%), the area of which exceed the downward area (47%), and the variation magnitude is extremely small, therefore, the performance of the precipitation intensity exhibit the downward trend ( Figure 6E ). The spatial distribution of the variation magnitude for R95P is dominated by the decreasing trend, being mainly located in the central of study area, which accounts for 54% of the research area, in addition, the magnitude of this increase in the northeastern area is 2-6 mm·decade −1 , which is greater than 0-2 mm·decade −1 in the southwestern area ( Figure 6F) . None of the other four indices exhibits a significant changing trend expect for CDD and CWD. 
Factor Analysis of Extreme Precipitation Indices
After analyzing the annual precipitation and the six extreme indices by principal component analysis, the results show that the first principal component accounts for 61.34% of the total variance, which included almost all of the indices except for CDD and CWD, and the loads of the component indices are all exceed 0.80, particularly, R95P has a maximum load of 0.96, which reflects that R95P has the indicative function for the whole heavy rainfall regime. In addition, the variance contribution rate of the second component is 16.25%, and the loads of CDD and CWD are relatively high, are 0.64 and −0.72, respectively. Therefore, this kind of extreme event can be defined as the drought regime, which is characterized by CDD (Table 4) . The Pearson correlation coefficients between annual precipitation and extreme indices are shown in Table 5 to verify the relationships between them. In addition to CDD, the other five extreme indices have positive correlations with the annual precipitation and their correlation coefficients are statistically significant at the 0.01 level. The negative correlation coefficient between CDD and CWD reaches 0.60 (at a significance level of α = 0.05), but the correlation between this two extreme indices and the other four indices is relatively poor. When comparing the behavior of the remaining four extreme indices, R95P has the strongest correlations with the other three indices, and all of the In spite of this, the region of SDII shows an upward trend (53%), the area of which exceed the downward area (47%), and the variation magnitude is extremely small, therefore, the performance of the precipitation intensity exhibit the downward trend ( Figure 6E ). The spatial distribution of the variation magnitude for R95P is dominated by the decreasing trend, being mainly located in the central of study area, which accounts for 54% of the research area, in addition, the magnitude of this increase in the northeastern area is 2-6 mm·decade −1 , which is greater than 0-2 mm·decade −1 in the southwestern area ( Figure 6F) . None of the other four indices exhibits a significant changing trend expect for CDD and CWD.
After analyzing the annual precipitation and the six extreme indices by principal component analysis, the results show that the first principal component accounts for 61.34% of the total variance, which included almost all of the indices except for CDD and CWD, and the loads of the component indices are all exceed 0.80, particularly, R95P has a maximum load of 0.96, which reflects that R95P has the indicative function for the whole heavy rainfall regime. In addition, the variance contribution rate of the second component is 16.25%, and the loads of CDD and CWD are relatively high, are 0.64 and −0.72, respectively. Therefore, this kind of extreme event can be defined as the drought regime, which is characterized by CDD (Table 4) . The Pearson correlation coefficients between annual precipitation and extreme indices are shown in Table 5 to verify the relationships between them. In addition to CDD, the other five extreme indices have positive correlations with the annual precipitation and their correlation coefficients are statistically significant at the 0.01 level. The negative correlation coefficient between CDD and CWD reaches 0.60 (at a significance level of α = 0.05), but the correlation between this two extreme indices and the other four indices is relatively poor. When comparing the behavior of the remaining four extreme indices, R95P has the strongest correlations with the other three indices, and all of the correlations coefficients fell in the confidence interval under the 99% confidence level, which further validates the results in Table 4 . To some extent, CDD and R95P can characterize the two kinds of extreme precipitation events we defined as the drought event and the heavy rainfall event well, and the two kinds of extreme events form the extreme precipitation events in our study. 
Response of the Extreme Precipitation Indices to ENSO Event
The Pearson correlation coefficients between the six extreme precipitation indices and the two ENSO indices were calculated in Table 6 , and there are obvious differences between them. CDD has a negative correlation with SSTA from January to June, and has positive correlation with it from July to December. However, in terms of the correlation with SSTA, the other five indices have almost the opposite features with CDD at monthly scale. Including the positive correlations of RR10 and SDII with SSTA from January to April, which are statistically significant at the 0.05 level, and the negative correlations from June to December. In addition, R95P is also showing a significant negative correlation with SSTA (at a significance level of α = 0.1) from September to December. Furthermore, the correlation relationship between each extreme index and SOI is opposite to the relationship of which with SSTA, except in May, respectively. It means that if the extreme index showing a negative (positive) correlation with SSTA, it will appear a positive (negative) correlation with SOI at the same month. Both RR10 and SDII are closely related with SOI as well (at a significance level of α = 0.05) from January to April. In general, RR10, SDII, and R95P are particularly sensitive to ENSO in our study area. Note: ** Significant at the 0.05 level; * Significant at the 0.1 level. Table 7 shows how the extreme precipitation indices in a specific ENSO period deviate from the normal period in detail. The values were calculated by the average of the indices that correspond with the years of the specific ENSO category. The average consecutive dry days in moderate El Niño years are as many as 117 days, 21 days more than which in normal years, while there are only 87 days in strong El Niño years, moreover, no matter the moderate or strong La Niña events happened, the values of CDD are always decreased. The situation of CDD is similar to that of CWD. From different values of RR10 in the five periods, we can find that there is little difference between each other, which indicates that ENSO events have limited influence on RR10 in study area. For RX5DAY, the strong El Niño events reduce the maximum precipitation over five days by 4.66 mm, while the moderate El Niño events increase it by 4.93 mm. Additionally, approximately 2.20 mm is increased by the occurrence of both two categories La Niña events compared to the normal years for RX5DAY. The influence of different ENSO periods on RX5DAY is almost identical with R95P, the only difference is the amplitudes of R95P between ENSO years and normal years are relatively larger than RX5DAY. The maximum value of precipitation intensity appears in moderate El Niño years, and SDII in strong La Niña years is also greater than in normal years. However, during strong El Niño years and moderate La Niña years, the values are both smaller than in normal years.
In summary, the values of extreme precipitation indices in moderate El Niño are usually greater than of which in normal years, but in strong El Niño years, these values are always the smallest. The both two kinds of La Niña events may decrease the values of CDD and CWD, but increase the values of RX5DAY and R95P.
Discussion
The limited number and the uneven spatial distribution of meteorological stations in our study area are the main reasons why we apply the gridded precipitation dataset for this study. By comparing the bias and correlation coefficients between IDW interpolated precipitation data and station precipitation data, we found that it was highly similar with each other. Moreover, the interpolated data was calculated by using the spatial interpolation method (IDW) that was based on the gridded dataset, it means that the values of grid boxes around the station are also highly similar with the station data. Therefore, it is considered that the gridded precipitation dataset can be used to describe the precipitation distribution pattern accurately in our study area.
The eastern part of inland river basin of Inner Mongolian Plateau is located in high attitude inland area, where surrounded by the Daxinganling Mountains and Yinshan Mountains, the warm-wet air is different to penetrate through the territory, thus forming the climatic features of scarce precipitation but intensive evaporation [46, 47] . In recent decades, because of the increasing air pressure leaded by the high-latitude circulation anomaly and the inter-annual decrease of East Asian Monsoon, along with the decrease of water vapor transport to the north, the number of consecutive wet days, and the precipitation intensity are all reducing [17, 48] , which eventually led to a further decline in precipitation in our study area [26, 49] . In that context, the indices represent the extreme precipitation and precipitation days in study area show the distribution characteristics of "high in the northeast and low in the southwest", and the values of northeast are on the rise, which suggests that flooding is prone to take place in the northeastern part of study area, and that the probability of the disaster is increasing. In addition, the persistent drought is still heavy, especially in the western part of the basin, but the phenomenon were eased up in the past 55 years, which is in agreement with the findings of previous work [50] .
The extreme precipitation regimes in our study can be divided into two categories by the factor analysis method, the drought regime, and the heavy rainfall regime, which can be characterized by CDD and R95P, and the two extreme indices have good correlations with other indices belong to a same category of regime, respectively [18] . Furthermore, the extreme indices have good correlations with ENSO indices, of which RR10, SDII, and R95P are more sensitive to ENSO. Specifically, the moderate El Niño event may be the main reason of the drought, while the occurrence of La Niña events may increase the risk of floods, which is similar to the previous study [51] . It is suggested that the ENSO events have a driving effect on the extreme precipitation regimes in the study area. Overall, the study revealed long-term spatiotemporal variability of the extreme precipitation indices, and the response to ENSO event, which can provide a scientific basis for helping to generate water resources management plans. However, there are many other factors, such as human activities and atmospheric circulation, to affect the change of precipitation, therefore, the studies that consider the factors above should be further conducted in detail.
Conclusions
Based on the gridded precipitation dataset with horizontal resolution of 0.5 • × 0.5 • in the eastern part of inland river basin of Inner Mongolian Plateau from 1961 to 2015, we employed the Sen's slop and the MM-K nonparametric test together with the factor analysis methods to research the spatiotemporal variability of extreme precipitation regimes presented by six extreme indices, meanwhile, the response of extreme precipitation events to ENSO events are discussed. The main conclusions are as follows:
(1) The gridded precipitation dataset is suitable for the characterization of precipitation distribution in the study area, and the spatial pattern of precipitation is obviously characterized by the "high in northeast and low in southwest" in the study area. Meanwhile, a non-significantly decreasing inter-annual tendency was found during the 55 years, where it is mainly located in the central of the study area. (2) The CDD is more severe in the southwest of the watershed. But, beyond this, the spatial distributions of the other five indices and the annual precipitation are the same, whose spatial pattern is gradually decreasing from northeast to southwest. The values of CWD and RR10 in the study area are relatively low, while the spatial difference of SDII is not obvious, between 3.8 and 5.3 mm·d −1 . In terms of the temporal distributions of the extreme precipitation indices, which mainly showing a decreasing trend except for RX5DAY and R95P, of which 17.28% and 16.00% of the regions show the significant downward trends (at a significance level of α = 0.1), which belong to the decreasing area of CDD and CWD during the period of 1961-2015, respectively.
(3) To some extent, CDD and R95P can be used to characterize the drought regime and the heavy rainfall regime, respectively, and both have strong correlations (at a significance level of α = 0.1) with the other indices that belong to the same category of extreme event. The selected two categories of extreme regimes compose the whole extreme precipitation regimes in this study. (4) Extreme precipitation indices have good correlations with SSTA and SOI in the study area, but the correlation relationship with the two ENSO indices are almost the opposite. In addition, the correlation relationships of CDD and the other five indices with the ENSO indices is also the opposite. RR10, SDII, and R95P are more susceptible to the ENSO events in the study area. Furthermore, the moderate El Niño event may increase the probability of the consecutive dry days, while the strong El Niño event will decrease the probability of extreme regimes in our study area. Meanwhile, the occurrence of La Niña events may increase the risk of the heavy rainfall regime.
